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Abstract— Ridepooling services promise to provide fast and
comfortable transportation at an affordable price level. Several
studies and simulations have shown the potential for positive
impacts on congestion, pollution and consumed resources by
replacing current car trips or taxi rides with a fleet of (au-
tonomous) ridepooling vehicles. In this work, demand and sup-
ply data from a ridepooling company in Hamburg, Germany,
are taken to build up a simulation in the framework MATSim.
Approximately 14,000 requests occured on a particular day and
were partially served by more than 100 vehicles in a 200 km?
service area. The impacts of pooling parameters (e.g. maximum
wait time or allowed detouring), scaled demand and supply
and stop network density are assessed in regards to served
requests, produced mileage and service quality. The simulation
shows that the used pooling parameters have a high impact on
the system efficiency. The adjustment of the maximum waiting
time or the maximum allowed detour can increase or decrease
the pooling efficiency by around 20 %. For the stop network
assessment, the given ridepooling stop network is compared
with a door-to-door service and the current public transport
stops. The results demonstrate that a thinner stop network leads
to less empty mileage and more rides served, but customers face
longer walking.

I. INTRODUCTION

In the last decade, transport network companies (TNCs),
such as Uber, Didi Chuxing or Lyft, had a great impact on
many mobility systems worldwide providing platforms for
ride-hailing. Congestion, parking and other external effects
of these new mobility services are widely investigated [1],
[2]. Due to the empty mileage produced by picking up a
customer, ride-hailing and taxi services in general increase
the overall mileage driven compared to private car trips.
Nevertheless, as TNCs reduce parking search traffic, the
necessary parking space is reduced, because a single car
transports several consecutive trips. A possible solution to
overcome the negative external effects is ridepooling, which
is already part of the product portfolio of some TNCs (e.g.
UberPool or LyftLine), but currently still is a side product.
The idea of such systems is to transport several travel parties
going into a similar direction at the same time. Travellers
board and alight the vehicle at stops that are within walking
distance to their origin and destination. Some passengers
may face a certain detour dependent on the routes to pick
up or to drop off other travellers. Ridepooling systems
promise to improve the usage of road infrastructure, thus
making transportation more efficient and convenient. While
it is generally more efficient over ride-hailing or traditional
taxi services in terms of road usage, customers face a less
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comfortable and convenient service. Ruch et al. state that
from a customer and a company perspective, efficiency gains
due to pooling may not be sufficient to compensate for the
reduced service level and thus lower willingness of customers
to pay [3].

The German taxi market is protected by law and TNCs face a
much stricter legal environment than in many other countries.
Ridepooling companies like CleverShuttle, MOIA, ioki or
Berlkonig operate services in different German cities and
run solely pooled services that are generally licensed as test
services and still need to prove that they provide a positive
impact on the overall mobility system.

Different pooling strategies have been proposed in recent
years. While those strategies are often for autonomous mo-
bility systems, they may as well be applied to conventional
pooling systems with a driver who is constantly guided
by the system and only overrules the instructions in case
of unforeseen incidents. Some of the proposed pooling
strategies are implemented into the multi-agent transport
simulation MATSim [4], [3], [5]. The effects of different
input parameters on the system efficiency of one of the
strategies are further explored in this work. To the authors’
best knowledge, this work is the first one simulating real-
world demand exclusively for pooled rides with a realistic
fleet size of pooling vehicles and a network of virtual stops
designed for a ridepooling service.

Many researchers have used traditional taxi demand and
served them with shared (autonomous) vehicles that are able
to provide the same or a better service quality as exclusive
taxis using fewer vehicles [6], [7], [5]. Fagnant et al. assume
that a fixed number of trips within the city of Austin, Texas,
is served by Shared Autonomous Vehicles (SAV) and find
that one SAV could replace around 10 conventional cars,
even without the pooling of passengers [8]. Bilali et al. have
analysed the impacts of different pooling parameters on the
shareability of a ride and found that the maximum waiting
time and detour time have the highest impact, which will
also be analysed here besides others [9]. However, this study
focusses on the efficiency of the overall pooling system and
the ability to provide a high service quality (i.e. short wait
and travel times) to as many customers as possible. Thus,
the vehicle occupancy and overall number of served rides
should be maximised considering a certain service level that
customers demand.

The framework and tools used for the ridepooling simulation
are introduced in section II. The used input data and simula-
tion parameters of the scenario are explained in section III.
The simulation results are presented in section IV followed
by a conclusion in section V.



II. SIMULATION FRAMEWORK

For the ridepooling simulation, an extension of the open-
source simulation environment MATSim is used.

A. MATSim

The multi-agent transport simulation framework MATSim

is designed to model microscopic transport scenarios on
a large scale [10]. The general idea of MATSim is the
iterative simulation of a population’s entire day with all
agents’ acitivities and travels. Agents replan their daily
plan based on a score for the executed day in the previous
iteration and thus optimise their plan.
Despite the wide variety of possibilities that is available
through the activity-based approach of MATSim, it is also
possible to focus only on certain trips and modes and to
exclude common MATSim features like mode choice or
scoring. In our case for instance, only ridepooling trips are
considered and simulated, because information about the
whole population of Hamburg is not available or has not yet
been implemented into the model. An advantage is the rather
simple set-up of the model, fast computation times and
the reproducability in different spatial environments, which
might be interesting for other researchers or companies that
lack an entire MATSim model of the area investigated.
Nevertheless, it is intended to build up a synthetic population
of Hamburg to consider interdependencies between the drt
system and conventional transport modes and to implement
a realistic mode choice scenario.

B. DRT extension

MATSim is capable of simulating on-demand mobility,

such as ridepooling, ride-hailing or taxis, and several ex-
tensions have been developed in recent years, of which we
use the demand-responsive transport (DRT) extension in this
study [5], [11], [12], [13]. For the simulation of these services
the minimal requirements are a street network with traffic
flows, a fleet of dynamic vehicles and customer demand.
The dynamic transport system can be integrated into existing
MATSim models and interact with other modes. This allows
to benchmark the simulation of vehicle routing against other
modes and for instance analyse and compare efficiencies or
external effects.
During the simulation, future requests and future vehicle
states are not known in advance, but are allocated to each
other live and dependend on the system state. This ensures,
that the simulation behaves like a real-world system and
cannot pool any requests in advance without a request
being submitted. The DRT extension includes a predictive
rebalancing strategy, to reallocate empty vehicles to areas
with a high expected demand and thus improve the service
level. [14]

I1I. SCENARIO

In recent years, in several different German cities ridepool-
ing services were launched, such as for instance Berlkonig
in Berlin or CleverShuttle in several cities. In the city of
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Fig. 1: Hamburg street network with MOIA service area
(yellow line).

Hamburg, the company MOIA offers a ridepooling service
in a big part of the central city. At the time of the analysis,
the service area was limited by the yellow line in Figure 1.
The map shows the City of Hamburg (shaded area), that
covers 755km? and its street network with 73,195 links,
taken from OpenStreetMap. The street network is very dense
inside and around the given service area while it is sparse
south of the river Elbe (except the Harburg area) and in the
south-eastern part of the city. The street density correlates
very well with the population density of Hamburg, which
is concentrated in the northern part of the city. The service
area covers most of this populated area of Hamburg and
covers approximately 200 km?. The service area is extended
to an area of approximately 300 km? as of March 2020. The
effects of this service area extension may be part of further
investigations.
The stop network consists of around 7,000 virtual stops
inside the service area. At the stops passengers can board
and alight the vehicle. These stops are transformed into
MATSim stops and used for the simulation. MOIA promises
that walking distances to a pick-up or drop-off stop are never
longer than 250 metres within the service area.

A. Demand and supply data

MOIA started its service in April 2019 with a fleet
of 100 electric 6-seater-vehicles and is going to increase
this number to 500 vehicles in 2020. Since the service
is not running with autonomous vehicles but convenient
human-driven vehicles, vehicles are not constantly on the
streets, but drivers have a maximum working shift of around
8 hours, generally including one break. MOIA predicts its
customer demand based on historical data and predicts, how
the available vehicles and driver shifts should be distributed
to operate the service in the most efficient way and to avoid
the rejection of passenger requests. In reality, the number of
vehicles that operate can deviate. The predicted number of
vehicles is used for the simulation and is available to serve
the requests that MOIA had on a particular day. In total,



Parameter Value

Stop duration 30s

Max. wait time 15 min

Max. delay

through detours | 10min + 1.5 - tg;rect

TABLE I: Pooling parameters of base case.

13,970 rides were requested. Given the available fleet, only
a part of these requests can be served. Unserved requests
may occur due to rejections from the service side if a ride
cannot be served within a certain time frame or due to
customer rejections if the customer is not willing to pay the
proposed fare or to accept the proposed waiting and travel
time.

B. Simulation parameters

The simulation results highly depend on the given param-
eters of both strategies. A higher acceptable waiting time for
instance usually leads to a higher probability to pool more
passengers. Thus, the pooling parameters need to be defined
beforehand, but may be adapted to analyse their effects. For
the base case the pooling parameters are defined in Table I.

The stop duration is the time spent to pick up and drop off
a passenger. For the pooling strategy, it is a hard constraint
that a customer needs to be picked up within the maximum
waiting time and that the rides of all customers inside the
vehicle are not delayed by more than 10 minutes + 1.5 times
their direct travel time to the destination. If there is no vehicle
available that matches the constraints, the request is rejected.
Additionally, a maximum walking distance of 1,000 metres
is introduced, which applies to all agents that demand a ride
from or to a location outside the service area. Request from
further outside the service area than those 1,000 metres are
not considered which reduces the number of requests of the
base scenario to 13,401 requests. All customers travelling
within the service area generally do not face walking longer
than 250 metres.

The provided rebalancing strategy of the DRT extension is
used in all scenarios.

IV. RESULTS

The simulation results of different scenarios are compared
in regards to served rides, which represents the pooling
efficiency, mean wait time, mean ride time and total mileage
produced by the ridepooling fleet.

A. Adaptation of traffic situation

The given scenario provides demand and supply data of
the ridepooling service only. The interaction with the usual
road traffic and the resulting travel time delay is therefore
estimated based on the observed travel times that occured
on the particular day. Those real-world travel times are
compared to the simulated travel times in the empty network
of the same rides for different times of the day. The travel

time interval (i) | travel time factor (f;)
Sam - 7am 0.7039
7am - 9am 0.5285
9am - 11am 0.5752
11am - 1 pm 0.5519
1pm - 3pm 0.5919
3pm - Spm 0.5102
Spm - 7pm 0.5218
7pm - 9pm 0.6641
9pm - 11 pm 0.6845
after 11 pm 0.6975
mean 0.6238

TABLE II: Travel time factors for the definition of network
travel times.

times of all main roads in the network are then scaled down
by a factor f; that is calculated as

erlv:() tn,i,s
ET]:[:() tn,i,r
where ¢, ; s is the simulated travel time of all travellers N
that start their trip within the interval i and ¢, ;, is the
experienced real-world travel time of all travellers N that
started their trip within the interval i. All values below the
5th and above the 95th percentile are not considered, to
avoid bias through extreme values. The travel time factors
for intervals of two hours over the whole day are given in
Table II.

It can be observed that the travel time factor is lower in
the peak traffic times such as between 7am and 9 am and
between 3am and 7pm. These factors are applied to all
main roads of the network. Travel times of all minor and
residential roads are decreased by the mean value 0.6238 to
improve the simulation’s computation time.

fi= ; (D

B. Performance comparison

To evaluate the influence of different pooling parameters
and system configurations, different scenarios are simulated
and analysed. The set-up of the base scenario is described in
section III. In order to understand the effects of the different
pooling parameters, the parameters stop time, maximum wait-
ing time and maximum delay through detours are varied and
the effects examined. Additionally, a different stop network
is introduced that contains all public transport stops (bus and
rail based) inside the service area. This public transport stop
network is less dense and contains 790 stops compared to
around 7,000 MOIA stops. The simulations are compared
regarding the amount of rides served, mean travel times and
mean waiting times the customers face. The results are shown
in Table III.

In the base case with the parameters given in Table I,
the system is able to transport 5,789 out of the 13,401
requests within the service area, which leads to an acceptance
rate of 0.43. The mean wait time is 11:09 minutes, the
mean ride time 19:14 minutes for an average trip distance of
8.8 km and the overall produced mileage is 37,867 km out of
which 8,117 were driven empty (21.4 %). In the following,
the effects of adjustments to four different simulation inputs



Adjustment| Scenario | Rides | Mean Mileage Mean ride
wait time time
Base 5,789 11:09 min | 37,867km| 19:14 min
case
Max. 1.75 6,526 | 11:46 min | 37,553km| 20:10 min
detouring 2.0 7,074 | 11:53 min | 37,166km| 21:22 min
Max. wait | 600 s 6,868 | 7:31 min 36,614km| 18:24 min
time 1,200 s 5,643 11:35 min | 38,058 km| 19:53 min
Stop 15s 6,251 11:11 min | 38,711km| 19:14 min
duration 60 s 5,222 | 11:02 min | 36,507km| 19:41 min
Stop PT stops | 6,463 10:27 min | 38,507km/| 19:06 min
network Door-to- 5,367 11:26 min | 38,108 km| 20:01 min
door

TABLE III: Performance comparison with different adjusted
pooling parameters.

on the service efficiency are pointed out.

Increasing the maximum detour factor has the effect, that
more requested rides fit into existing trips with the downside
of an extension of those trips. The given results show that
with a detour factor of 1.75 or 2.0 the number of transported
agents increases by 12.7 % or 22.2 %. At the same time, the
mean wait time increases by less than a minute and the mean
ride time increases by around 1 minute given a detour factor
of 1.75 and by around 2 minutes minutes given a detour
factor of 1.75. Although more requests are served and the
trips can have longer detours, the overall mileage slightly
decreases with a higher detour factor. This happens due to
less produced empty mileage and shows that the algorithm
performs best with certain parameters. A detailed analysis of
the maximum detour factor and the constant allowed detour
time is given in [5].

The maximum wait time in the base case is 15 minutes.
Increasing this value to 20 minutes leads to less trans-
ported passengers (5,643), a higher mean wait time of
11:35 minutes, a higher travel time (19:53 minutes) and an
increased overall mileage (38,038 km). Decreasing the value
to 10 minutes, 6,868 passengers (+ 18.6 %) can be transported
with a lower mean wait time of 7:31 minutes. The mean
ride time and the mileage decrease as well to 18:24 minutes
and 36,614km. Since the positive impact of lowering the
maximum wait time is not expected, a closer look at this
parameter is taken in the following chapter.

The stop duration has, as expected, a direct impact on the
overall efficiency of the system. If the stop duration is only
15 seconds (30 seconds in the base case), the number of
rides increases by 8.0 % to 6,251. Setting the stop duration
to 60 seconds, only 5,222 rides can be transported (-9.8 %).
Consequently, more mileage is produced with a shorter stop
duration and less mileage is produced if the vehicle stops
longer.

Given that the ridepooling service uses a thinned out network
and only transports passengers between the 790 public trans-
port stops, more passengers can be transported with a lower
waiting time (10:27 minutes) and a slightly lower mean ride
time (19:06 minutes) compared to the base case. In contrast,
the customers have longer walking distances, that makes the
service less attractive. Given a door-to-door service, only
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Fig. 2: Vehicle occupancy in base case.

5,367 passengers can be transported, which is the lowest
number of all considered scenarios. Mean wait and ride time
are slightly longer than in the base case, but the customers
avoid any walking. Figure 2 shows the vehicle occupancy in
the base case over the course of the day.

32.9 % of the service time, a vehicle is empty and either

rebalancing or on its way to pick up a customer. 40.9 % of the
time, one passenger is travelling inside the vehicle. 15.4 %
of the time, two passengers are on board. 4.8 % of the time,
three customers are on board and 6.0 % of the time more
than three customers are inside the vehicle.
Especially in the morning after the service start, many
vehicles are empty because they are distributed from a central
hub, where vehicles are parked over night, into the field and
because demand is low and only increases from 7 am.

C. Maximum waiting time effects

The maximum wait time is a hard constraint in the pooling
algorithm. If an agent cannot be served within this time, it
gets rejected by the system and has to use another mode
or try to book a ridepooling trip at a later point in time.
Thus, a longer wait time leads to a higher likelihood that
a certain request gets accepted. Nevertheless, Table III has
shown that a higher global maximum wait time decreases the
overall system efficiency. Table IV shows a further analysis
of the effects of the parameter, which shows that the number
of served rides is highest with a maximum wait time of
10 minutes and constantly decreases when the maximum wait
time is increased. Looking at the overall mileage, one can
observe that it generally increases with a higher accepted
wait time.

A lower system performance when increasing the max-
imum wait time is not intuitively expected, but is a con-
sequence of the following: The system does not know in
advance which requests are coming in and always accepts
a passenger if possible. Once an agent is accepted by the
system, the vehicle is assigned to a certain trip and has no
flexibility of serving other trips that might be more suitable
for an existing schedule. Consequently, given a high wait
time, vehicles are constlantly assigned to an order, even if



Max. wait | Rides | Mean wait | Mileage Mean ride time
time time

300 s 5,908 | 3:29 min 34,317km | 19:44 min

600 s 6,868 | 7:31 min 36,614km | 18:24 min

750 s 6,382 | 9:55 min 37,442km | 18:21 min

900 s 5,789 11:09 min 37,867km | 19:14 min
1,050 s 5,703 11:32 min 38,083km | 19:55 min
1,200 s 5,643 | 11:35 min | 38,058km | 19:53 min
1,500 s 5,634 | 11:44 min | 37,984 km | 20:03 min
3,600 s 5,580 | 11:44 min | 38,173km | 20:04 min

TABLE IV: Performance comparison with different accepted
waiting times.

the request is very unsuitable and far away from a vehicle.
Requests that would be more suitable, but are requested at
a later point in time, are then rejected by the system. This
way, the system does not operate in the most efficient way
and potentially produces more empty mileage.

A solution to this problem would be a flexible and dynamic
assignment of vehicles to customers, which would only be
fixed when a vehicle is close to the customer, as it was
proposed by Alonso-Mora et al. [7]. All requests that were
not picked up yet and all vehicles are considered in an
optimisation process. Customers are not rejected, but remain
in the request pool for the optimisation and can be assigned
at a later point in time. The different booking processes of
those strategies are further described in [15]. The algorithm
has been implemented into the MATSim environment [4]
and former investigations have shown the potential of this
pooling strategy in certain demand scenarios with drawbacks
in computation times [16].

D. Scaling effects

Increasing both the demand and the vehicle supply ob-
viously increases the number of resulting rides. Due to a
higher request density, it is expected that some vehicles
can transport additional rides and pool more passengers.
This leads to a higher acceptance rate and a higher system
efficiency. It has been shown, that the stop network has
a major impact on the efficiency of the system. While a
very dense or a door-to-door service provides a pleasent
ride experience without any walking for the customer, the
efficiency of the system decreases and would lead to higher
fares for the customer. Table V shows the behaviour of
the system with different stop networks when demand and
supply grow in the same way.

Doubling or tripling the number of requested rides and
the vehicle fleet respectively leads to more than the double
or triple of served rides in the system, because the demand
density in the study area grows and the likelihood that trips
are poolable increases. The positive effects with regards
to system efficiency differ dependent on the stop network.
Using the public transport stop network, the number of rides
increases by the factor 3.45 when demand and fleet are
tripled, whereas the number of rides only increases by 3.18
in the door-to-door scenario and by 3.25 in the base scenario.
The development of the mean wait time is unclear and needs
to be analysed with higher scaling factors. Overall mileage
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Fig. 3: Vehicle occupancy with tripled demand and supply
and Hamburg’s public transport stop network.

increases less than the number of vehicles and rides and
again, the highest positive effect is observed in the scenario
with public transport stops, with an increase of only 2.92
when tripling fleet and demand. Comparing the share of
empty mileage to the total kilometres driven, the thinner
public transport network leads to a lower proportion of empty
driven kilometres (20.3 %) while the door-to-door service
produces the highest proportion of empty mileage (22.4 %).
This might be a factor for public authorities to promote
the implementation and usage of a thinner stop network.
The share of empty mileage drops in all scenarios with an
increased number of requests and vehicles.

The computation time increases with a higher number of
requests and vehicles. While the computation time per MAT-
Sim iteration is between 5 and 10 minutes with 14,000
requests, it increases to 20-40 minutes with 42,000 requests,
dependent on the scenario. As the iterational processes of
MATSim (scoring, replanning, etc.) are not used in the given
scenario, only one or two iterations need to be simulated.
Figure 3 shows the vehicle occupancy over the course of
a day when demand and fleet are tripled and the public
transport stops are used.

Comparing the chart of Figure 3 to Figure 2, a higher
occupancy can be observed. 28.2% of the service time, a
vehicle is empty and either rebalancing or on its way to pick
up a customer. 34.4 % of the time, one passenger is travelling
inside the vehicle. 18.2 % of the time, two passengers are on
board. 8.9 % of the time, three customers are on board and
10.2 % of the time more than three customers are inside the
vehicle. It is expected that the occupancy increases further
when demand and supply increase further.

The results are in line with the findings of Engelhardt et
al., who found an increased system efficiency in regards
to vehicle occupancy and reduced mileage of the pooling
system with scaled demand and supply. [17]

V. CONCLUSION

The simulation set-up shows a way of simulating (au-
tonomous) demand-responsive transport systems in MATSim



Requests Rides Increase in num- | Mean wait | Mileage | Increase in | Share of empty | Acceptance | Mean ride
(approx.) ber of rides time mileage mileage rate time
14,000 5,789 1 11:09 min 37,867 1 21.4% 0.43 19:14 min
Base case 28,000 12,285 | 2.12 11:16 min 74,877 1.98 18.1% 0.46 19:28 min
42,000 18,891 | 3.26 11:08 min 111,734 | 2.95 17.0 % 0.47 19:54 min
14,000 6,463 1 10:27 min 38,507 1 20.3 % 0.48 19:06 min
PT stops 28,000 14,092 | 2.18 10:17 min 75,848 1.97 17.1% 0.53 18:57 min
42,000 22,309 | 345 9:55 min 112,490 | 2.92 15.5% 0.55 19:26 min
14,000 5,367 1 11:26 min 38,108 1 224 % 0.39 20:01 min
Door-to-door | 28,000 11,104 | 2.07 11:56 min 75,464 1.98 19.1 % 0.40 20:12 min
42,000 17,062 | 3.18 11:46 min 112,397 | 2.95 17.7 % 0.41 20:41 min

TABLE V: System performance in a scaled system with different stop networks.

only with demand, supply and trip data of a ridepooling
service. Travel times were derived from the actual system
and are longer at peak traffic times. Future research will
also adapt the travel times in different spatial areas. A great
impact of different factors on the pooling efficiency was
observed. The pooling parameters Maximum detouring and
Maximum wait time have a great impact on the pooling
efficiency and need to be chosen wisely, also dependent on
the given pooling strategy. It has been shown that a higher
accepted wait time of the customer does not necessarily
improve the pooling efficiency. Although the positive system
effect of a shorter stop duration is rather obvious, the quan-
tification of the effects gives a hint on the importance to im-
prove the pick-up and drop-off procedure. When demand and
supply increase, the chances of pooling are getting higher,
vehicle occupancy increases and total mileage decreases as
well as empty mileage. It has been shown, that the stop
network has an increased influence on the performance the
higher the demand and supply are. Since the service quality
decreases with a thinner stop network due to longer walking
times, it may be difficult to achieve acceptance from the
customer side. Nevertheless, it may be considered to use a
flexible stop network that is different for service classes or
at certain times of the day. Policy makers should encourage
the usage of a stop network instead of a door-to-service to
decrease produced mileage in the transport system.

Further research will scale demand and supply even further
to see at which point the system saturates. Different pool-
ing strategies that were already implemented into MATSim
by [4], [3] are investigated and their performance will be
compared to the given strategy. The influence of rejections
from customer side should be considered to understand the
impact on the system. Additionally, an analysis of accepted
and rejected requests will be conducted to understand which
spatio-temporal circumstances influence the trip acceptance.
The service area extensions of MOIA will be considered
for further investigations to outline the implications of the
service area size.
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